The gas compressibility factor, also known as Z-factor, plays the determinative role for obtaining thermodynamic properties of gas reservoir. Typically, empirical correlations have been applied to determine this important property. However, weak performance and some limitations of these correlations have persuaded the researchers to use intelligent models instead. In this work, prediction of Z-factor is aimed using different popular intelligent models in order to find the accurate one. The developed intelligent models are including Artificial Neural Network (ANN), Fuzzy Interface System (FIS) and Adaptive Neuro-Fuzzy System (ANFIS). Also optimization of equation of state (EOS) by Genetic Algorithm (GA) is done as well. The validity of developed intelligent models was tested using 1038 series of published data points in literature. It was observed that the accuracy of intelligent predicting models for Z-factor is significantly better than conventional empirical models. Also, results showed the improvement of optimized EOS predictions when coupled with GA optimization. Moreover, of the three intelligent models, ANN model outperforms other models considering all data and 263 field data points of an Iranian offshore gas condensate with R 2 of 0.9999, while the R 2 for best empirical correlation was about 0.8334.
Introduction
Obtaining fluid properties from gas and oil reservoirs has been of great importance to many researchers and petroleum engineers. The significance of this knowledge becomes more brilliant when the oil and gas capacity of reservoirs, dissolved gas, aquifer model and other reservoir properties depends directly or indirectly on fluid properties [1] . For this purpose, the pressure, volume and temperature (PVT) analysis should be applied to find the aforementioned parameters. This can be made in PVT laboratory or by using proper correlations [2] .
For the case of gas condensate and gas reservoir, estimation of Z-factor plays a key role for determination of other properties. Obtaining the accurate Z-factor has been the subject of controversy among researchers. High expenses and inaccessibility to some well-equipped laboratories are the reasons for researchers to be reluctant to use the direct measurement of Zfactor. The common ways for prediction of Z-factor are EOS and empirical correlations. The EOS have been developed and extended for vapor liquid equilibrium (VLE) calculations [3] , estimation of critical properties [4] and prediction of volumetric properties of gas mixture as well [5, 6] . The point that should be considered about EOS is that despite the accurate results attained from developed and modified EOS in comparison to empirical correlations, a bit more difficulties are involved in solution process and more involving parameters are dealt with. On the other hand, the foible point of empirical correlations is that they are usually developed based on specific data set. A good illustration is Sanjari and Lay investigation which concluded to an empirical correlation for Zfactor using Khangiran Refinery data set [7] . Another example is Heidarian et al. study on gas compressibility factor which led to empirical correlation based on limited experimental data [8] . Likewise, Azizi et al. [9] generated a correlation using extracted data from Standing-Katz chart [10] or investigation of Farzaneh-Gord and Rahbari [11] who used measurable real time properties for developing the empirical correlation. An interesting example is Jarrahian and Heidarian [12] study in which they proposed a new EOS for sour and sweet natural gases when the composition is unknown. They tried to lessen the input variables in compare to other empirical correlations.
The fundamental tool for estimation of thermophysical properties of hydrocarbon fluids is EOS. Overall, EOS have their own mixing rules which cause complexity in solution process. The EOS based on statistical-mechanical theory yield more accurate results. On the other hand, empirical correlations are widely used in petroleum engineering applications simply as they are practical and easy to use. That is to say, the chief reason which makes the petroleum engineers tend to deal with these kind of correlations is that they are explicit in Z with straight forward solution procedure [13] .
The complexity of EOS makes them difficult to apply especially for mixtures with large number of components. Also, questionable and unreliable predictions of Z-factor using empirical correlations at some pressures and temperatures have led the researchers to seek for easier, more reliable and valid prediction for z-factor. On the other hand, application of intelligent models becomes important to compensate weakness of conventional methods. The intelligent systems are widely used as robust tools to predict the petroleum properties and also other engineering parameters [14e16] . A good example of using intelligent models in reservoir engineering is Saemi et al. work [17] , in which they predicted reservoir permeability using linked Adaptive Neural Network and Genetic Algorithm (GA). Other examples of intelligent models usage in reservoir fluid properties are prediction of bubble point pressure by ANN [18] , minimum miscibility pressure (MMP) by least square support vector machine (LSSVM) [19] , dew point pressure using Fuzzy Logic model [20] , Z-factor of natural gas [21] and sour gasusing Adaptive Neuro Fuzzy Inference System (ANFIS) and ANN model [22] and condensate to gas ratio by LSSVM model [23] . In another study, Ganji-Azad et al. applied the ANFIS model to predict reservoir fluid PVT properties [24] . Moreover, Fayazi et al. [25] and RafieeTaghanaki [26] proposed a robust model for prediction of gas compressibility factor by application LSSVM.
In this study, experimental PVT data of gas condensate reservoir are used to compare and analyze accuracy of empirical correlations and EOS coupled with intelligent models. In the following sections, the application of intelligent models will be presented in two parts. The first part includes improvement and optimization of Van Der Waals and Redlich Kwong equation of state by implementation of experimental data using Genetic Algorithm [27] . Second part is allocated to employ the Fuzzy Logic (FIS), ANFIS and ANN predicting models and suggest the best intelligent model for predicting gas Z-factor. These intelligent models are trained by share of experimental data, while the remaining data are used for validation and test. Some of these intelligent models are utilized to predict the gas Z-factor in previous works, and their ability will be evaluated and compared with empirical correlations comprehensively in the current study.
Empirical correlations and equations of state

Empirical equations
Several empirical correlations have been developed yet to predict Z-factor. These correlations relate the critical properties of mixture, temperate and pressure of reservoir to the Zfactor.
The regression approach is frequently used to generate empirical correlations such as that of Sanjari and Lay (SL) in 2012. They generated an empirical predicting correlation of gas compressibility. They have developed their correlation based on Virial equation of state. They proposed correlation as a function of p pr and T pr within the range of 0:01 p pr 15 and 1:01 T pr 3 [7] .
Many empirical correlations are adjusted by pseudo reduced temperature and pressure such as that of Shell Oil Company (SOC) which was referenced by Kumar [28] .
Equations of state
Generally, cubic EOS originated from Van Der Waals equation of state are more applicable for industrial proposes [29] . These EOS are commonly rewritten in cubic polynomial form. Vander Waals (VdW) equation is the basic cubic EOS which modified the ideal gas PVT relations [30] . The cubic polynomial form of VdW EOS, equation (8) , can be solved to find the Z-factor:
The coefficients a and b are defined as follow:
Redlich and Kwong (RK) in 1949 improved the VdW EOS to predict more accurate compressibility of vapor phase. They considered a generalized temperature dependence term as modification of attraction pressure term in their correlation [31] .
where, A ¼ [32, 33] . For the cases in which the composition of gas mixture is unknown (like this study), the use of SRK and PR equation of state is impossible.
Intelligent models
The chief purpose of an intelligent software is to bridge sets of input and output variables to each other considering the system specifications [34] . Application of intelligent-based models is more efficient in such cases which are time consuming and involve non-linear mathematical modeling, adaptive learning and when there is not any meaningful relation between input and output of a system. The intelligent models developed in this study include ANN, ANFIS (including FIS) and GA.
Artificial Neural Network
An ANN is a network of interconnected nodes exhibiting the process of biological neurons in a brain. The artificial neurons lie in constitutive layers of the network. Each layer is linked to the next by specific weights (w) [35] . One of the most practical structures of ANN is Multi-Layer Perceptron (MLP) in which the input and output layers are connected to each other by an additional layer called hidden layer. The hidden layers do the processing step and output layer gathers the signals and distributes [36] . A MLP network may have one or more hidden layers; however, it is seen that a network with one hidden layer can predict the performance of a system as well [15] . The network adopts the weights of neurons based on error between outputs and targets in training steps. Moreover, for constructing robust design, some of unused data in training step are used for validation, which makes the model more accurate. The structure of ANN is illustrated in Fig. 1 .
It is seen from figure that the networks consist of three layers i, j and k where the weights between layers is designated by w ij and w jk . The initial weighted values are modified during training process by the comparison made between predicted and real values [37] . Among various training algorithm Levenberg-Marquart (LM) is commonly used for training system due to its stability and swift convergence [38] . In the current study, the LM algorithm will be utilized where the weights are computed by:
where the weighted matrix are symbolized by W kþ1 and W K during K þ 1 th and K th repetitions, J is the Jacobian matrix, V is the accumulated errors vector, I is the identity matrix, and m k is the parameter to express the ability of LM algorithm for altering the searching method. In the present study, the input layer L is consist of three variables which are T pr , p pr and g g also output layer K is allocated to target value, i.e. Z-factor.
Adaptive Neuro-Fuzzy Inference System (ANFIS)
The ANFIS is the combination of neural networks and fuzzy modeling in training step in order to improve the ability of learning [39] . The ANFIS applies the beneficial features of ANN and fuzzy model by a hybrid structure and modifies the inappropriate properties. In other words, ANFIS combines the low level calculation of ANN and the powerful reasoning ability of a fuzzy logic system. Based on ANFIS modeling for non-linear systems, the input space is divided into many local areas. In this regard, the modest local is developed by linear functions or adjustable coefficients; next the ANFIS uses the membership function (MF) to determine the dimension of each input. Hence, the MFs and the hidden layers play a key role in estimation of ANFIS model ability. The five layers of ANFIS modeling is shown in Fig. 2 [39] .
The adaptive nodes of the first layers are equated as:
where x* and ơ* are premise parameters which are adapted by a hybrid algorithm and x is the input variable. In the present study, the three input variables are T pr , p pr and g g .
The firing strength of each rule is determined in the second layer by quantifying the extent of each rule's input data. The output of a layer is the algebraic product of input signals:
The third layer is responsible of normalization by calculating ratio of ith rule's firing strength to the summation result of all rule's firing strength:
The calculation of output is done by the fourth layer:
where the total output is obtained as the summation of all input signals in the fifth layer by calculation of wave height as follow [40] :
O 5,i is Z-factor in this study. The adaptive layers are first and the fourth. A i , C i and ơ i are premise parameters of input fuzzy MFs in first layer. It is worth mentioning that the Gaussian MFs are used in this work.
Genetic Algorithm (GA)
Relying on Darwin's theory, it is claimed that species of organisms have evolved over a long period of time through natural selection while all of them share a common ancestor [41] . The key observation is that there are limited resources for the population of all organisms existing in nature, and this leads to competition between individuals of different species. Those fitter individuals to the environment have more chances for survival and reproduction. Consequently, the process of natural selection along with random modifications cause a rise in the fitness of the population and the developments of species. Genetic Algorithm (GA) is a search heuristic in computer science which first introduced by J. Holland [42] to solve optimization problems. Inspiring from the biological evolution, the main idea of GA is based on the survival of the fittest among individuals where each one represents a possible solution to a given problem. In order to optimize the given problem, GA starts from an initial population of randomly generated individuals and proceeds in an iterative process resembling the genome evolution. Each iteration of the algorithm generates a new population by first performing crossover operator on elder populations and second applying mutation on new generation which called offspring. Note that a fitness proportionate selection is applied to recombination phase where the more fit individuals are stochastically selected from the current population as parents. To this end, the value of the objective function should be determined to measure the fitness of each individual in the population. The iterative routine of optimization stops when GA converges to a good enough individual or visits the maximum number of generations.
Results and discussion
In order to compare empirical correlations, EOS, modified EOS and application of intelligent models including FIS, ANFIS and ANN, 263 experimental data points were used. These data were extracted from gas condensate reservoir. The statistical properties of data points are given in Table 1 Quantitative comparison between correlations is summarized in Table 2 for all experimental data. It is observed that BB correlation has the highest value of R 2 (0.8334) and least MSE (0.002.40). On the other hand, PP has the least R 2 (0.3792) and maximum MSE (0.0778). According to Table 2 , deviation of PP [43] and DA [44] correlations from experimental data are more than other correlations, while BB [45] , HD [8] and HY [46] correlations give more accurate predictions. However, although these correlations show a good agreement with experimental data, they do not convince the petroleum engineering needs for predicting the accurate and reliable Z-factor.
Comparison of experimental data and BB model as the best predicting correlation for all 263 data points is shown in Fig. 3 by scatter diagram. The BB model shows the closest agreement with experimental data; however, predicted results are still far from the set point data.
As the gas mixture components and their acentric factors are not available, the VdW and RK EOS were optimized using GA. To do this, results of VdW and RK EOS were chosen as fitness functions. The fitness functions have been compared with experimental data to reach the optimum results. The objective functions were function of four variables, i.e. temperature, pressure, pseudo critical temperature and pressure. It is worth noting that 50 generations were used to find the optimum results which are two coefficients of EOS. The Modified coefficients are summarized in Table 3 . Effects of modification on VdW and RK EOS are shown in Fig. 4 , where the variations of Z-factor versus pressure are displayed.
The statistical errors are reported in Table 4 . As seen, the R 2 improved from 0.4181 to 0.8038 and from 0.7717 to 0.8669 for VdW and RK EOS, respectively as a result of GA optimization. Accordingly, the least values of AARE and MSE errors belong to Modified RK, which are 3.3925 and 0.002 respectively. On the other hand, the VdW EOS allocates the maximum AARE and MSE errors 15.1603 and 0.0319. It is clear from Fig. 5 and Table 4 that the accuracy of results from VdW EOS is much less than those of RK equation. The considerable difference between concluded results from two methods still remains even after the modification.
Development of ANFIS
The developed ANFIS is used to present an intelligent predicting model for Z-factor. In fact, the ANFIS system is a combination of FIS and ANN model. In other words, the Fuzzy model parameters are being optimized by Neural Network. The ANFIS model compensates some weaknesses of FIS system. The Sugeno-type Fuzzy Inference System settles down to present a predicting model using training data without any check and testing. Therefore, it is common to tune the model with the least error in training step, but unusual errors in tests and validation steps which results in error propagation. In other words, if there is any checking step, it will prevent over fitting the model on training data.
The Sugeno-type Fuzzy Interface System generates clusters for introducing its rules. Therefore, determining the radius of clusters, which specifies the number of clusters, is essential in obtaining the number of rules and developing the Fuzzy model. The less radius results more clusters and also more rules. In other words, the larger the radius, the less is the number of clusters.
For this study, all 263 series of data points were first randomly divided in three parts where 70% of whole data used for training, 15% for validation and 15% for test. Next, the Sugeno-type Fuzzy system was generated using 70% of whole data which were trained. For this purpose, the initial radius of input data, which are temperature, pressure and specific gas gravity, should be determined. The applied initial input variables were 5, 0.5, 0.05 for temperature, pressure and specific gas gravity respectively and also 0.05 for Z-factor which is output variable. The statistical errors related to Fuzzy predicting model is reported in Table 5 . As seen, the maximum R 2 belongs to training section as expected, and the least value for validation. It is worth noting that the most important type of reported error is that of check or test which determine the ability of model for new unused data while the validity error shows the generality of proposed model. The R 2 value of 0.9051 obtained from Fuzzy model is more than that of best empirical correlation and modified RK EOS; however, predicted values do not match the target values with high accuracy.
In order to improve the ability of FIS predicting model, the generated Fuzzy model parameters were optimized by ANN. The ANFIS model considers 70% of data for training and the 15% for validation and the remains for test. It should be mentioned that the three parts of implemented data were completely explicit and there was not any mutual node in three parts. The learning process of ANFIS model along with considering training and checking errors is shown in Fig. 5 which indicates that the values of errors in training and checking steps are close to each other at the end of process.
The statistical errors of output ANFIS model are reported in Table 6 . It is seen that total R 2 value (0.99577) is more than that of FIS model where the MSE value of Fuzzy model (1.42E-3) was reduced to 5.683E-5. Results of Table 6 indicate that the proposed model works better in comparison to other methods for prediction of Z-factor.
Development of ANN
For developing the ANN model, all 263 series of data point were normalized between 0 and 1. The input variables are pressure, temperature and specific gas gravity, and Z-factor is considered as a function of these parameters:
It is worth mentioning that selection of input variables affects the reliability and performance of any predicting model; hence, it should reflect the physical properties and the nature of system. The network consists of two layers, i.e. input layer and hidden layers. The input layer included three nods regarding temperature, pressure and gas gravity. These nodes are bridged to the hidden layer by specific weights. This layer is responsible for the main data processing. On the other hand, the output of this network has one nod corresponding to normalized Z-factor. For the training purpose, 70% of 263 series of data points were chosen randomly. In addition, half of the remaining data was used for test and half for the validation of constructed model. It should be noted that the number of hidden layer neurons should be determined to lessen the deviation of output network and validation data. The adjusted number for this study was 20 neurons. Several training algorithms were applied, including Levenberg-Marquardt algorithm (LM), Scaled Conjugate Gradient, Gradient Descent Table 10 Comparison of AARE of intelligent system with other predicting model using reported data in Table 9 Table 11 Comparison of MSE of intelligent system with other predicting model using reported data in Table 9 .
Ref The scattered diagrams plotted in Fig. 8 show comparison between intelligent models. According to this figure, accuracy of models increases as the nodes become more concentrated. The evolutionary trend of improvement is clearly understandable by comparing the scattered diagrams of FIS and ANFIS model. Also, there are some poorly predicted nodes that approach their corresponding experimental values by modifications applied by ANFIS. Fig. 8 clarifies the robustness of ANN developed model, since the target and output values cover each other completely. The points are placed on nearly 45 which proves the accuracy of predicting ANN model. Among three intelligent systems used for prediction of Zfactor, the ANN model is the most accurate model. As realized from Table 8 the maximum R 2 value belongs to ANN (0.9999), while the FIS model has the least R 2 (0.9018). It should be considered that improvement of Fuzzy model by application of ANFIS is significant when the MSE value reduces from 0.00149 (FIS) to 5.6824E-5 (ANFIS).
To confirm the advantage of intelligent systems over conventional predicting correlations, 1038 data points of different gas mixtures were used to obtain Z-factor. The thermophysical properties of gas samples are listed in Table 9 . The sum of AARE and MSE values given in Tables 10 and 11 prove the accuracy of intelligent systems for predicting Z-factor. However, one should note that the number of data bank directly affects the accuracy of intelligent systems. Precision of ANN model is highly significant among all three types of predicting methods, even those with fewer data points [48e55].
Conclusion
In this study, the application of several intelligent systems was investigated to find the most powerful model for prediction of Z-factor. The applied intelligent systems were GA, FIS, ANFIS and ANN model. Several statistical errors were calculated to determine the accuracy of each one. The developed intelligent models show high accuracy over empirical correlations. In addition, ANN model showed the most accurate prediction in comparison with other intelligent models for all data. Also, GA was used to optimize the parameters of VdW and RK EOS. Results shows that RK EOS responses better to parametric optimization compared to VdW EOS and its modified parameters resulted in better Z-factor predictions.
Nomenclature
I
identity matrix J Jacobian matrix O ith layer output P gas pressure, psi T gas temperature, R Papay (PP) proposed simple correlation for estimation of gas compressibility factor [43] . The correlation was adopted as a function of pseudo reduced pressure and temperature. 
